and regression effects incorporated as explanatory covariates. These components are modeled separately and ultimately combined in a single forecasting scheme. Customary statistical models for EN prediction essentially use SST and wind stress in the equatorial Pacific. In addition to these, we introduce a new domain of regression variables accounting for the state of the subsurface ocean temperature in the western and central equatorial Pacific, motivated by our analysis, as well as by recent and classical research, showing that subsurface processes and heat accumulation there are fundamental for the genesis of EN. An important feature of the scheme is that different regression predictors are used at different lead months, thus capturing the dynamical evolution of the system and rendering more efficient forecasts. The new model has been tested with the prediction of all warm events that occurred in the period 1996-2015. Retrospective forecasts of these events were made for long lead times of at least two and a half years. Hence, the present study demonstrates that the theoretical limit of ENSO prediction should be sought much longer than the commonly accepted "Spring Barrier". The high correspondence between the forecasts and observations indicates that the proposed model outperforms all current operational statistical models, and behaves comparably to the best dynamical models used for EN prediction. Thus, the novel way in which the modeling scheme has been structured could also be used for improving other statistical and dynamical modeling systems.
modulation of the weather patterns worldwide through changes in the surface-boundary condition and the thermal heating of the atmosphere, while the signal of El Niño Southern Oscillation (ENSO) variability in this region is the strongest after the seasonal cycle (Sarachik and Cane 2010) . Therefore, it is not surprising that ENSO is a subject of intense scientific research and schemes for its prediction are plentiful with various rates of success (Barnston et al. 2012) . At the same time, the limitations of its predictability are debated, with some studies arguing that high-frequency atmospheric noise prevents accurate forecasts to be made at long lead times (Penland 1996; Battisti 2000, 2001; Fedorov et al. 2003) . Others, instead, imply that EN is to a larger extent the result of an internal self-sustained dynamics, which allows for its prediction well ahead of its typical December peak (Zebiak and Cane 1987; Goswami and Shukla 1991; Jin et al. 1994; Tziperman et al. 1994; Chen et al. 2004) .
It is interesting that despite the major improvements of dynamical models, initialization techniques, and the longer and more accurate data sets available for statistical predictions, verification of the real-time ENSO prediction skills during 2002-2011 indicates skills somewhat lower than those found for the less advanced models of the 1980s and 1990s (Barnston et al. 2012 ). In addition, the so-called spring barrier continues to represent a major difficulty for all types of ENSO forecasting models, and their skill for predictions made in the months March, April, May is still non-significant. A potential explanation could lie in the seasonal cycle, because during boreal spring the tropical Pacific is warmest and this seasonal warming is erroneously taken by the models for the growing phase of EN (Sarachik and Cane 2010) . Moreover, the low signal-to-noise ratio in spring also accounts for the lower prediction skill of model forecasts issued in these months (Torrence and Webster 1998) . Thus, advances in the understanding of the dynamical mechanisms involved in the initiation of El Niño and the transition to La Niña, as well as the introduction of new and improved ENSO prediction models remain necessary.
The majority of the existing statistical forecasting schemes are based on sea surface temperature, sea level pressure, and wind stress data in the equatorial Pacific (Barnston and Ropelewski 1992; Penland and Magorian 1993; Xue et al. 1994; Kondrashov et al. 2005) . Data sets directly capturing subsurface temperature changes in the tropical Pacific region, however, have not been incorporated in the existing empirical models. As three-dimensional observations of the tropical Pacific (TAO-TRITON data) are only available since the 1990s, and as the statistical models used for operational ENSO forecasting have remained predominantly unchanged over the last 10-15 years, the subsurface indicators that play a fundamental role in ENSO variability have not been included in the existing forecasting skills (Barnston et al. 2012) . At the same time, several studies have already highlighted the significance of the accumulation of heat in the subsurface of the western tropical Pacific for the onset of EN (Ramesh and Murtugudde 2013; Ballester et al. 2015) .
Wyrtki 1975 has proposed a theory, later further developed in the dynamical recharge-discharge oscillatory theory by Jin (1997a, b) , according to which an intensification of the trade winds in the central equatorial Pacific leads to the accumulation of heat in the western tropical Pacific subsurface. Then, with the relaxation of the trade winds and the occurrence of westerly anomalies in the western/central tropical Pacific, this heat is released and allowed to move to the east during the growing phase of EN. What has not been explicitly discussed in this theory, though, is that the propagation of the warm waters/heat towards the east occurs mainly in the subsurface near the thermocline (Ramesh and Murtugudde 2013; Ballester et al. 2015) , and warm anomalies appear on the surface in the eastern equatorial Pacific only at a later stage of this growing phase. Moreover, warm anomalies in the subsurface (down to 400-500 m depth) occur on average as early in the WPAC as 26-30 months prior to the peak of El Niño, and are present there at different levels of depth up to 10-11 months before the peak, when the heat starts to be advected eastwards.
These patterns at longer lags demonstrate that subsurface temperature and surface wind stress indices in the WPAC and the central Pacific (CPAC) could be promising as regression predictor variables for EN. At the same time, sea surface temperature anomalies (SSTAs) there exist at lags 15-17 months, but they are short-lived and not as strong in magnitude as the subsurface anomalies, so their role as predictors could be more limited.
Considering the above, in the present study we propose a statistical unobserved component time series model for El Niño forecasting based on wind stress, surface and subsurface ocean temperatures in the western and central tropical Pacific. The lead/lag times for these variables are between 30 and 0 months prior to the peak of EN, and as it is customary, predictions are made for the SSTs in the Niño 3.4 region [5 • N-5 • S, 170 • W-120 • W, (Barnston et al. 1997) ; black time series in Fig. 1a ]. Section 2 of this manuscript describes the data sets and statistical methods used for the analysis; in Sect. 3 we give a detailed explanation of the proposed ENSO modeling technique, while in Sect. 4 we clarify how the model is applied; in Sect. 5 we present some forecasting results, and then we end with a discussion of the results in Sect. 6, and conclusions in Sect. 7.
Data and statistical analysis
Wind stress data has been derived from the NCEP/NCAR reanalysis (Kalnay et al. 1996) . Sea surface temperature 1 3 is the NOAA-ERSST-V3 before 1982 and the NOAA-OI-SST-V2 data afterwards, provided by the NOAA/OAR/ ESRL PSD (www.esrl.noaa.gov/psd/). Subsurface temperature data before 2012 is from the Subsurface Temperature And Salinity Analyses by Ishii et al. (2005) , archived at the National Center for Atmospheric Research, Computational and Information Systems Laboratory (www.rda.ucar.edu/ datasets/ds285.3/) , and from the Hadley Centre EN4.0.2 analyses data (Good et al. 2013) afterwards. The EN events used for the composite anomalies are based on the definition of the Climate Prediction Center for the period 1978 : December 1982 , 1991 , 2002 , 2006 (CPC 2015 . The 1986-1987 event was excluded from the composite calculations because the peak of this event was in September-October rather than in December-January. However, calculations with this event included do not produce significantly different results, and the temperature and zonal wind anomalies at the respective lag times are qualitatively the same (not shown).
A Multi Taper Method (MTM) was used for the spectrum density estimation and signal reconstruction of the N3.4 time series shown in Fig. 2 . MTM is a nonparametric method that reduces the variance of spectral estimates through the use of a small set of orthogonal tapers, which are multiplied by the data to minimize spectral leakage (Ghil et al. 2002) .
A recursive Butterworth procedure was used (Moron and Plaut 2003; Ballester et al. 2011) to filter SST and windstress data, so that only frequencies corresponding to periods of 14-18 months (Fig. 3) , 24-28 months (Fig. 4) , and 46-63 months (Fig. 5) have been kept. A Butterworth filter was also applied to remove high-frequency variability and thus filter out the annual cycle in the composites of sea surface and subsurface temperatures, and windstress anomalies in Figs. 6, 7 and 8.
Complex Orthogonal Function (CEOF) analyses was applied to the area-weighted filtered SSTAs and windstress anomalies in the equatorial Pacific (Figs. 3, 4, 5) . This technique decomposes variability into real and imaginary spatial patterns that are amplified by real and imaginary timevarying coefficients, respectively. The patterns represent the main modes of variability of the data as a function of the phase (φ) in periodic spatial coefficients and periodic temporal scores (Ballester et al. 2011) . The temporal scores were correlated with the filtered spatio-temporal SSTAs and windstress anomalies in the tropical Pacific area. 
Model
Structural time series models are formulated in terms of unobserved components of interest that could be directly interpreted (Harvey 1989) . For example, unobserved components may represent time series features such as trend, seasonal and cycles. This type of models can also be extended naturally with regression effects. In this way, they are able to provide a description of the salient features of a given time series and, at the same time, a basis for making predictions of future observations (Harvey and Shephard 1993) . Moreover, time series models based on unobserved components are particularly effective when complex features are present in the time series, such as mixed frequencies, multiple modes of variability of the time series, outliers, structural breaks and nonlinear and/ or non-Gaussian processes (Tong 1990; Harvey et al. 1998 ).
The flexibility provided by this modeling approach makes it a suitable framework for treating time series with complex features and nonlinearities (Durbin and Koopman 2012) , common in the climate system and in ENSO in particular. The linear univariate unobserved components time series model that we consider is given by Fig. 3 Pearson correlations between the temporal scores of the first CEOF modes of filtered SSTs and surface wind stress anomalies, and filtered spatio-temporal SST anomalies and wind stress anomalies in the equatorial Pacific region. A Butterworth filter has been applied to the SST and wind stress data sets, so that only frequencies corresponding to periods between 14 and 18 months (associated with the near-annual mode of variability) have been kept. Panels correspond to the respective phases of the CEOF shown on the figure. Shaded areas indicate significant anomalies where y t represents observations on a single variable y, in this case the monthly N3.4 index at time t; µ t is a level component that we specify as a random walk process; γ t is a seasonal component with seasonal length S = 12; ψ 1t , ψ 2t and ψ 3t are three cycle components with different parameter
values for frequency , persistence ϕ ψ and variance σ 2 κ ; x ′ t δ represents a predictor regression variable based on covariate vector x t and coefficient vector δ; and ε t is the remainder irregular term. The trend, seasonal, and cycle components are modeled by linear dynamic stochastic processes, which depend on disturbances (Harvey and Koopman 2000) . For more information the reader is referred to Harvey (1989) Fig. 3 , but the Butterworth filter has been applied so that only frequencies corresponding to periods between 24 and 28 months (associated with the biannual mode of variability) have been kept and Durbin and Koopman (2012) . The components are formulated in a flexible way as stochastic functions of time. The disturbances driving the components are independent of each other.
This structural time series model can be represented in state space form (Durbin and Koopman 2012) , and relies on the state and disturbance vectors as given by where we assume that the dimension of the regression coefficient vector δ is k × 1. The corresponding system matrices and details of the state space representation of the model are given in Appendix 1. The state vector contains the Fig. 3 , but the Butterworth filter has been applied so that only frequencies corresponding to periods between 46 and 63 months (associated with the low-frequency mode of variability) have been kept components, auxiliary variables necessary for the dynamic formulations of the components, and the regression coefficient vector. The disturbance vector ǫ t contains all the disturbances required for the linear stochastic functions of the components. All unknown disturbance variances need to be estimated together with the discount factor ϕ ψ,j and cycle frequencies c,j for j = 1, 2, 3, for the three cycles. For the estimation of the variances, we consider log-transformations to enforce positive values only. The restrictions 0 < ϕ ψ,j < 1 and 0 < c,j < π, for j = 1, 2, 3, are also enforced via transformations. The unknown parameters are collected in the 12 × 1 parameter vector θ that is given by where for ℓ = ε, η, ω, {κ, j} and j = 1, 2, 3. Estimation is carried out via the numerical maximization of the likelihood function with respect to the transformed parameters.
Steady state is reached after weak convergence relative to 1e-007. The statistical treatment of the model relies heavily on the celebrated Kalman Filter (Kalman 1960) , which enables the signal extraction of the components, likelihood Table 2 ). Data is filtered using a low-pass Butterworth filter (cut-off frequency 18, order 10) Table 2 ) evaluation, and forecasting. A general treatment of state space modeling is presented in Durbin and Koopman (2012) . For our specific model, we provide the details in Appendix 1. All estimations and forecasts are generated by STAMP, SsfPack and OxMetrics (Koopman et al. 2008 (Koopman et al. , 2010 Doornik 2013) . The dynamic formulations of the components, together with the regression effects, are discussed next.
Level component (long-term variability), µ t
The level component is modeled as a random walk process and is given by where NID(0, σ 2 ) refers to a normally independently distributed series with mean zero and variance σ 2 . The disturbance series η t is serially independent and mutually independent of all other disturbance series related to y t . The initial trend µ 1 is for simplicity treated as an unknown coefficient that needs to be estimated together with the unknown variance σ 2 η . This component is included in the model to account for the long-term fluctuations of the N3.4 time series around its mean, assuming that it is stationary (see Fig. 1a) . A simple interpretation is that the level at the current step is equal to the level in the previous step plus a white noise disturbance (Harvey 1989) .
Seasonal component, γ t
To account for the monthly variation in the annual cycle of the N3.4 time series, the component γ t is included in the model. More specifically, γ t represents the seasonal effect at time t that is associated with season s = s(t) for s = 1, . . . , S, where S is the seasonal length (S = 12 for monthly data). In particular, we adopt the notation if we need to emphasize that γ t represents the seasonal effect for season s.
We use a seasonal pattern that is fixed over time (see Fig. 1b) , i.e. we have a set of S seasonal effects γ 1 , . . . , γ S which are taken as unknown coefficients that need to be estimated together with the other coefficients in the model. The seasonal effects must have the property that they sum to zero over the full year to make sure that they are not confounded with the trend component, that is
The seasonal pattern could also change slowly over time, by relaxing the summing-to-zero requirement with a stochastic equation
In the present study the disturbance variance ω t = 0. In this way we have S − 1 unknown seasonal coefficients that need to be estimated by the Kalman Filter.
There is a marked seasonal cycle in the tropical Pacific, which has a substantial impact on the ENSO cycle and the evolution of its phases (Tziperman et al. 1997; Krishnamurthy et al. 2015) . This effect is known as phase-locking to the annual cycle (Rasmusson and Carpenter 1982; An and Choi 2009; Stein et al. 2011) , as ENSO phases normally grow in the boreal summer and autumn and the peak of the associated anomaly is in the winter months of December, January and February (DJF; Sarachik and Cane 2010) . Thus, including an annual cycle component in the forecasting model is necessary for the correct seasonal development of the signal and, therefore, for a more accurate prediction. It is in fact a fundamental part of the ENSO dynamics, especially as the atmospheric conditions should be appropriate in order for an initial surface and subsurface ocean temperature perturbation to grow and propagate. The seasonal variations of the atmospheric convergence zones modulate unstable oceanatmosphere interactions (Philander 1989 ), which in turn favour the development of EN or LN.
Cycle components, ψ i t
In order to account for interannual variability present in the ENSO phenomenon (Fig. 2) , we further include a number of additional cycle components. A stochastic formulation of a cycle component can be based on a time-varying trigonometric process, but with frequency c associated with the typical length of a cycle. We have where the discount factor 0 < ϕ ψ < 1 is introduced to enforce a stationary process for the stochastic cycle component. The disturbances and the initial conditions for the cycle variables are given by where the disturbances κ t and κ + t are serially independent and mutually independent, also with respect to disturbances that are associated with other components. The coefficients ϕ ψ , c and σ 2 κ are unknown and need to be estimated together with the other parameters. This stochastic cycle specification is further discussed by Harvey (1989) .
Generally, the ENSO oscillation is said to have a period of between 2 and 7 years. As we already pointed out, seasonality has an important role in the evolution of the overall (4)
irregular cycle (Tziperman et al. 1997; An and Choi 2009) . At the same time, several other inter-annual spectral peaks at different time scales can be noted in Fig. 2a , showing the power density spectrum of the entire N3.4 time series. It will be demonstrated in the next sections that the modes of variability that correspond to these spectral peaks are key not only for understanding ENSO, but also for its simulation.
Near-annual cycle component, ψ 1 t
Previous studies have identified one significant signal at a frequency close to the annual cycle, recognized as a separate coupled mode of variability of the equatorial Pacific ocean-atmosphere system (Zebiak 1985; Neelin 1990; Mantua and Battisti 1995; Jiang et al. 1995; Fedorov and Philander 2001; Jin et al. 2003) . Its relevance to the evolution of the ENSO cycle and its prediction has been demonstrated especially by Jin et al. (2003) , where this mode is called a "near-annual" mode and defined to have a period of 12-18 months. It is characterized by a westward propagation of SST and zonal wind stress anomalies from the eastern equatorial Pacific (EPAC) to the WPAC (Fig. 3) . These anomalies are similar to patterns of the mean annual cycle in the EPAC, but enhanced and propagating all the way to the western boundary (Mantua and Battisti 1995; Jin et al. 2003) . Westward coupled modes of this kind, driven by near-surface advective processes (mostly anomalous zonal advection of mean temperature gradients), have also been identified in the tropical Pacific in the theoretical work of Philander et al. (1984) ; Gill (1985) ; Neelin (1991) , and some others. In the present model we too found that the period of one of the cycle components estimated with the Kalman Filter is approximately 1.5 years (16-18 months). The graphical representation of this cycle is shown in the time series in Fig. 1c . This near-annual mode has been shown to be modulated both by the annual cycle and ENSO. It has been hypothesized by Jiang et al. (1995) that it is produced through the nonlinear resonance of the low-frequency ENSO mode, which is discussed later, with the annual cycle. Then, its interaction with the main ENSO cycle and its phase-locking with the mean annual cycle result in fluctuations in its amplitude, which was low in the late 1980s, for example, and then increased in the second half of the 1990s (Jin et al. 2003; Fig. 1c) . When its period is close to 12 months (i.e. to the annual cycle), phase-and frequency-locking likely occur and lead to the greater amplitude of the mode, and to near-annual LN-like events (as between 1996 and 2004, see Figs. 1c, 3d, e, i, j; Jin et al. 2003) . However, the continued long warm background period taking place in the tropical Pacific during 1985-1991 (due to ENSO variability, Fig. 1e ) has resulted in the lower frequency of this mode, reducing the opportunity for its non-linear phase-locking with the main oceanic Rossby mode (Mantua and Battisti 1995) , and leading to "mini El Niño events" that have occurred between all major EN events in that period (Jin et al. 2003; Figs. 1c, 3a, b, f, g ).
Thus, this fast mode of variability has important implications for the evolution of ENSO, and hence, for the accurate prediction of EN and LN events. Therefore, its inclusion into the proposed prediction scheme could significantly improve the model performance and skill. In fact, it has been demonstrated by Mantua and Battisti (1995) that the irregularity of ENSO reproduced by the Zebiak-Cane (ZC) model (Zebiak 1985 ) is due to a large extent to the presence of a "mobile mode" with similar characteristic features as the near-annual mode discussed here.
Quasi-biannual cycle component, ψ 2 t
A number of studies have discussed a biannual/quasi-biannual (QB) (24-28 months period) component of ENSO variability (Trenberth 1976; Rasmusson and Carpenter 1982; Lau and Shen 1988; Yasunari 1989; Rasmusson et al. 1990; Jiang et al. 1995) , which has been detected in both the equatorial surface zonal wind and SSTs. Rasmusson et al. (1990) discovered through an SVD analysis of the zonal winds in the tropics a biannual cycle characterized by consistent eastward-propagating anomalies across the WPAC and the CPAC. In the EPAC it was found to have a meridional propagation also affecting local SSTs. Moreover, a strong and close relationship between the biannual components of the zonal winds in the WPAC and the SST time series in the EPAC was demonstrated. From this analysis, the conclusion has been reached that all well-defined warm phases of ENSO coincide with a distinctive warm phase of the biannual mode.
Similarly to the fast-frequency component, the biannual oscillation also tends to be phase-locked to the annual cycle (Rasmusson et al. 1990 ). Typically associated with it are westerly wind anomalies in the WPAC (between 130 • and 160 • E) and north of the Equator in March-April of the first year of the cycle (Fig. 4f, g ). These patterns progress eastward and peak by September-October near the date line, moving south of the Equator by that time, testifying for a meridional displacement (Fig. 4h, i ). After October they propagate to the EPAC and begin to disappear. Then, by November easterlies start to form west of 130 • E and north of the Equator. These develop in DJF and move towards the east (Fig. 4j) . By March-April of the second year a reversal of the wind pattern is at place.
The evolution of SSTs in the biannual mode, on the other hand, develops from near neutral anomalies in MarchApril (Fig. 4a ) to a typical ENSO-like structure in September-October of the first year of the cycle (Fig. 4b ). In the second year, the SSTA pattern is reversed and the opposite phase of the ENSO-like structure develops (Fig. 4d, e) . In this way, equatorial negative (positive) SSTAs in the CPAC and EPAC are preceded by easterly (westerly) surface zonal wind anomalies in the WPAC and CPAC (Fig. 4) .
Thus, the estimation of a period close to 2 years (between 26 and 30 months; Fig. 1d ) for the second cycle component of the proposed model corresponds to this mode of variability of the equatorial Pacific ocean-atmosphere system. Importantly, the phase evolution and amplitude of this cycle apear to be approximately regular (see Fig. 1d ). On the other hand, Rasmusson et al. (1990) has noted that even though the cycle is regular, the amplitude and phase of the mode are subject to low-frequency changes, which will be discussed later in this manuscript. In any case, the QB mode has been shown to be a fundamental element of the ENSO dynamics, essential for its prediction (Rasmusson et al. 1990; Jiang et al. 1993 Jiang et al. , 1995 .
Low-frequency cycle component, ψ 3 t
The main period of ENSO has been established to be between 4 and 5 years, which, as expected, corresponds to the most pronounced spike in the power spectral density of the N3.4 time series (Fig. 2a) . Moreover, as shown by Jiang et al. (1995) , the dominant mode of variability of SSTs and surface zonal winds in the tropical Pacific is a low-frequency oscillation with a period of approximately 46-63 months. It has been referred to in the literature as the low-frequency ENSO mode (Rasmusson et al. 1990 ), or as the quasi-quadrennial (QQ) mode of variability (Jiang et al. 1995) .
For SST the QQ component represents an eastward propagating oscillation with maximum anomalies close to 120 • W (Fig. 5b, e) . For the zonal wind it represents an oscillation with an eastward propagation in the WPAC and with maximum anomalies close to 170 • E (Fig. 5f, i) . Actually, its spatial characteristics for both SST and zonal wind closely resemble the main spatial characteristics of the biannual mode (Figs. 4, 5) . Most El Niño events have been found to correspond to the warm phases of these two modes (Jiang et al. 1995 ), a few correspond to only that of the QQ mode, while warm years in the time series that were not termed as warm events officially have been shown to correspond to a warm phase of the biannual cycle alone, but out-of-phase low frequency component (Rasmusson et al. 1990 ).
Thus, the third cycle included in the model coincides with this main oscillatory mode, and its estimated period is about 52-56 months. Unlike the biannual cycle, its phase and amplitude are clearly irregular and time-varying (Fig. 1e) .
The robustness of the analysis about the significance of these modes of variability holds both in the case of using raw data or anomalies (Jiang et al. 1995) . Our results confirm this, as the estimated frequencies of the three cycle components were the same regardless of filtering the mean annual cycle (not shown). As can be seen in Fig. 2 , they are associated with the main frequency signals in the spectrum of the N3.4 time series (also see Fig. 1 ). We then assume that these are fundamental time scales of the ENSO phenomenon, and that its irregularity could be to a large degree explained in terms of the relative phase positions and amplitudes of the three cycle components described here.
Regression variables, x ′ t δ
Additionally, we have included a set of explanatory variables in the model for capturing specific dynamic variations in the time series, not explained by the components discussed above. Such variables could also be used to allow for outliers and breaks in the model, or to account for part of the seasonality of the dependent variable in case it is not fully captured by the seasonal component. In fact, it has been proposed that there is a partial 2:1 phase synchronization of ENSO to the annual cycle, and that El Niño is typically associated with a weaker annual cycle (Stein et al. 2011) . Since the seasonal component here has been estimated as fixed, i.e. with constant amplitude and periodicity (Sect. 3.2; Fig. 1b) , we incorporate regression variables that not only aim to explain more variability in the N3.4 time series, but also to model more subtle seasonal fluctuations. Thus, we extend the decomposition with a multiple regression effect x ′ t δ for t = 1, . . . , n (grey time series in Fig. 1a) , where x t is a K × 1 vector of predetermined covariates and δ is a K × 1 vector of regression coefficients. Elements of δ could also be allowed to change over time. However, as we want to establish stable relationships between the dependent variable and a set of explanatory variables, δ is kept constant for the full sample length or, for at least, a large part of the sample. Therefore, for the present study we have kept the coefficients δ fixed in time, and we will explore the time-varying case in a future study.
In very general terms, ENSO represents the alternation of heat buildup and release from the equatorial region (Wyrtki 1985; Zebiak 1989; Jin 1997a) . The forcing of the zonal wind causes fluctuations in this heat content through Kelvin and Rossby wave dynamics, and SSTs are affected by these waves through downwelling and upwelling processes (Ballester et al. 2015) . SST anomalies, on the other hand, influence the atmosphere and result in anomalies in the zonal wind patterns-the so-called Bjerknes feedback (Bjerknes 1969) . Therefore, we can say that ENSO could be deemed predictable due to the intrinsic ocean variability, as well as the deterministic wind-driven ocean dynamics and the resulting equatorial heat content redistribution (McPhaden 2004) . Based on this assumption, we use zonal equatorial wind stress, and surface and subsurface ocean temperature as regression variables in our model. It should be noted that some of these covariates can be highly correlated between each other, and when including a number of them, the problem of co-linearity can occur. In this situation, the estimation may be based on inversions of matrices that are close to singularity (reduced rank matrices). In our approach for model configuration we account for co-linearity by an appropriate selection strategy that we discuss in the next Sect. 4.
Equatorial wind stress
Tropical wind stress is among the main drivers of surface and subsurface temperature anomalies in the equatorial Pacific. Wyrtki (1975) was the first to hypothesize that El Niño is preceded by abnormally strong southeasterly trade winds in the CPAC, more precisely between 180 • E and 220 • E, starting approximately 2 years before the event (Fig. 6a) . Moreover, such anomalies in the zonal wind component represent one of the factors preceding the occurrence of an EN that has an essential role in the triggering of its whole mechanism (Wyrtki 1975; Jin 1997a; Ballester et al. 2015) . Thus, following our analysis (Fig. 6 ), as well as previous studies (Wyrtki 1975; McPhaden 2004; Sarachik and Cane 2010) , we have chosen two regions in the CPAC to calculate zonal wind stress indices and obtain time series to be used as regression variables in the proposed model ( Fig. 6a,  b ; Regions I and II in Table 1 ). It is interesting to note that one of these regions (Region II) is located entirely in the Southern Hemisphere, as this is the area of maximum easterly zonal wind anomalies at about 11-14 months before the boreal peak of EN (Fig. 6b) . This is also in agreement with the results of McGregor et al. (2012) , where it is shown that the zonal wind anomalies suddenly shift southward at the end of the calendar year.
The strengthening of the westward surface trade winds, on the other hand, increases the intensity of the westward circulation of the South Equatorial Current (SEC; Yu and McPhaden 1999) , which deepens the thermocline in the WPAC (Sarachik and Cane 2010) . This process piles up warm water at those latitudes and accumulates heat, which often leads to the spreading of the warm pool toward the CPAC (both on the surface and in the subsurface). The warming induces an area of anomalous low surface pressure, over which westerly wind anomalies tend to appear at the Equator near the date line ( Fig. 6c; McPhaden 2004 ).
In fact, SST-modulated westerly wind anomalies are critical for the ocean-atmosphere coupling before a warm event (Eisenman et al. 2005) , and have occurred prior to every significant El Niño in the last several decades ( Fig. 6c;  McPhaden 2004 ). As mentioned earlier (Sect. 3.3.2) and shown by other studies (Tziperman and Yu 2007; Gebbie and Tziperman 2009) , there is a deterministic portion of these anomalies, which is in interplay with the biennial ENSO cycle of SSTs, and could be used as a precursor for it (Gebbie and Tziperman 2009 ). Therefore, another critical region for the model is located over the easternmost part of the WPAC and over the CPAC (see Fig. 6c ; Region III in Table 1 ). Over this region we average zonal wind stress to obtain a time series used as a regression variable at short lead times (5-8 months before the typical December peak).
Equatorial Pacific surface and subsurface temperatures
The western Pacific plays a fundamental role in the oscillatory behaviour of ENSO and in the generation of warm and cold phases. It is where the warm pool develops-an upper-ocean area of very warm and well-mixed waters, surface horizontal current convergence and subsurface divergence, and therefore downwelling motion (Brown and Fedorov 2010; Ballester et al. 2015) . As mentioned earlier and shown by Wyrtki (1975), and Jin (1997a, b) , the abnormally strong trade winds increase the east-west slope of sea level in the CPAC, intensify the westward SEC, and accumulate warm water (heat buildup) in the surface and subsurface WPAC region (Ballester et al. 2016 ). Right after a relaxation of the trades, this stored warm water would be allowed to move eastward through the Equatorial Undercurrent (EUC) and the North Equatorial Countercurrent (NECC) in a dynamically consistent way (Jin 1997a; Ballester et al. 2016) , and to lead to an EN event in the EPAC (Wyrtki 1985; Ramesh and Murtugudde 2013) . Substantial heat content increase along the equator has preceded all El Niños since 1980 by at least two seasons, and it is a necessary condition for its occurrence (McPhaden 2004) . In addition, it has been shown by Ramesh and Murtugudde (2013) that regardless of the regime shifts in the tropics, the buildup of warm water in the WPAC (Fig. 7) and the onset of its eastward displacement has remained unchanged, always starting at a particular stage of the cycle-about 18-20 months before the peak (Fig. 8) , when the heat buildup in the WPAC has grown substantially (Fig. 7) . This is also the time when the subsurface anomalies begin to appear on the surface in the far western Pacific (Fig. 8a) , and start to weaken the trades (see previous Sect. 3.4.1).
In this way, a variable that accounts for this heat buildup and the onset of its eastward migration could be used as a precursor for EN. Based on this mechanism we defined two sets of regions over which to average surface and subsurface temperatures in the WPAC/CPAC and obtain time series indices for regression variables ( Table 2 ). The first set of regions corresponds to the early subsurface warming in the WPAC (between latitudes 12 • S and 8 • N; Fig. 7 ; Table 2 ). As can be seen in Fig. 7a-c anomalous warming of the subsurface exists on average as early as 25-30 months prior to the typical peak of EN in boreal winter, at depths between 150 and 400 m.
The second set of regions corresponds to the onset of the advection of warm water eastward along and below the thermocline, and the subsidence of the trades on the surface (Figs. 6, 8) . During this stage the warm pool extends towards the CPAC in the subsurface (100-300 m depth) through the strengthened EUC (Ballester et al. 2016) , therefore, this set of regions is located closer to the CPAC (see Fig. 8 ; Table 2 ). Warm anomalies start to appear in these regions at approximately 25 months or even before (Fig. 8b, c) , intensify and stay there until about 8-9 months prior to the peak of EN, when they are further advected eastwards to enter the EPAC (Fig. 8a) . At the same time, cold anomalies start to develop in the WPAC region instead, corresponding to the onset and rapid development of an EN event (Figs. 7, 8 ). This coincides with the occurrence of westerly wind anomalies as discussed earlier, which trigger upwelling Rossby waves and decrease the subsurface temperature in the WPAC due to shoaling of the thermocline there (McPhaden 2004) . Thus, the temperature indices averaged over the first set of regions are also used as regression variables during the mature phase, when there are strong cold anomalies in the WPAC (lead/lag times 0-9, Fig. 7a-c ; Yu and Mechoso 2001) .
Equatorward subsurface (100 m depth and below) advection from the northern off-equatorial region at this time (5-9 months before the EN peak) due to anomalous upwelling between 5 • N and 10 • N and downwelling between 3 • S and 1 • S, also results into an area of strong cold anomalies in the box [140 Figure 1) . This inter-hemispheric asymmetry has also been found by McGregor et al. (2012) , where it is revealed in the EOF2 of the integrated upper ocean heat content and shown to lead the typical EN pattern (EOF1) by about 8-9 months. These vertical velocity anomalies and inter-hemispheric asymmetry result from the latitudinal distribution of zonal (Yu and Mechoso 2001) and meridional (McGregor et al. 2012 ) wind stress anomalies. Hence, we calculate a temperature time series from this box and use it as a regression variable in the model at the corresponding significant lead/lag times to further account for the dynamical processes happening before an El Niño, and improve the overall forecast skill of the model.
Model configuration
Based on the recharge-discharge oscillatory theory (Jin 1997a) , and as discussed previously, the buildup of heat at the equatorial Pacific is a prerequisite for El Niño, and the event itself discharges this excess heat poleward. In addition, the time between two consecutive events could generally be determined by the time needed for the tropical ocean to accumulate enough heat, and normally the amplitude of the event is in a direct proportion to the magnitude of the excessive heat content (McPhaden 2004) . The component configuration of our structural model is then synchronized with these assumptions about the warm buildup in the WPAC and its migration eastwards. It has been shown that the correct representation of the feedback between SST and westerly winds has a high impact on the dynamical regime of ENSO (Gebbie and Tziperman 2009). The correct inclusion of the SSTs, subsurface temperature, and zonal wind stress time series at the respective lead/lag times of importance of these variables could lead to a more accurate forecast. In this way, using the dynamics of EN described earlier (see Sects. 3.4.1, 3.4.2; Figs. 6, 7, 8) , as well as rigorous statistical indicators for goodness of fit (see Harvey 1989 for details), such as the prediction error variance (pev), the prediction error mean deviation (pemd), the information criteria Akaike (AIC) and Bayesian Schwartz (BIC), and the coefficient of determination (Rs 2 ) (see Tables 3,  4 , 5, 6 in Appendix 2), we have configured the model in such a way that the different regression variables are only used at their respective monthly lead/lag times of dynamical relevance (see Tables 7, 8 in Appendix 2). These lead/ lag times have also been determined based on the estimated coefficients and p values of the explanatory covariates (Tables 3, 4 , 5, 6 in Appendix 2; Harvey 1989). The core of the model described in Sect. 3 is kept constant, but the regression variables given by x ′ t δ are varied depending on the time before the peak when a forecast is started. The selection of regression variables also depends on the amount of co-linearity that is encountered in the regression. When several explanatory covariates have been selected for one lead/lag time during the fitting procedure (and they are all significant), we only use one or two of them when we perform the actual forecasts, only the ones that are the most significant for the particular forecasting event. In this way we avoid co-linearity in the estimation and forecasting procedures.
As seen in Tables 7 and 8 in Appendix 2, for every lead/ lag time the most statistically relevant predictors (zonal wind stress or temperature at specific depths in Regions I, II or III) are added to the model. These variables are associated with low p values when fitted at these specific lead/lag times, and the overall coefficient of determination of the model R 2 , as well as the coefficient of determination based on differences around seasonal means Rs 2 , increase when these particular variables are included (see Tables 3, 4 , 5 and 6 in Appendix 2). Additionally, the main anomalies of the covariates at the respective lead/lag times are also taken into consideration (the composite anomalies shown in Figs. 6, 7, 8 ) when determining the model configuration. In summary, depending on the relative time before the potential peak of EN that a forecast is started, different regression variables are added to the model, in order to enhance its forecasting performance.
Forecasting results
In order to test and cross-validate the proposed prediction scheme we attempted to forecast all El Niños that occurred in the period 1996-2015 at long (20-34 months), medium (10-19 months), and short (3-9 months) lead times (Figs. 9, 10) . EN events were chosen according to the classification of the Climate Prediction Center for the period 1996 -2015 : December 1997 , 2002 , 2006 (CPC 2015 . As a final test, we proceeded with an experiment, in which we predicted the whole ENSO time series in the period 1982-2014 (Fig. 10) .
Forecasts of individual El Niño events
Long-lead (20-34 months in advance; magenta, light blue, dark green and beige curves in Fig. 9 ) forecasts of the five events are shown in Fig. 9a -e. Some shifts and mismatches in the exact onset and magnitude of the events can be noticed, but their occurrences are properly forecast, and an indication for a developing El Niño is clearly present even at these very long lead times. The 21 months ahead predictions (beige curves in Fig. 9a-e) already represent the events very well in terms of timing and amplitude. It is important to note that at 26 months lead the peak of the 1997/98 EN is predicted to reach an anomaly of +2 • C (dark green curve in Fig. 9a and blue curve in Supplementary Figure 2 ; Table 9 ), and that an event of extreme magnitude is foreseen more than 2 years in advance, long before the appearance of a series of westerly wind bursts in early 1997, assumed by some studies to be the prime reason for the strength of this El Niño (McPhaden and Yu 1999) . This is in support of the theory proposed by Chen et al. (2004) that the evolution especially of the big events is to a greater extent determined by the initial condition of the ocean, and the atmospheric forcing is rather a secondary modulator or consequence. In addition, the 2014/15 weak EN is forecast with high accuracy 24 months ahead (dark green curve in Fig. 9e , black curve in Supplementary  Figure 2 ; Table 9 in Appendix 2), while a large number of the operational models failed and predicted an extreme event similar in size to the 1997/98 one (McPhaden et al. 2014; Glantz 2015) .
Medium-range (10-19 months in advance; red, blue and green curves in Fig. 9 ) forecasts of the same events are depicted in Fig. 9f -j. It is evident that for some of the events the forecast improves as the lead time becomes shorter, as in the case of the 2002/03 and 2009/10 El Niños (Fig. 9g, i) . For the 1997/98, the 2006/07 and the 2014/15 events the skill of the model remains similar (Fig. 9f, h, e) . Again, we want to highlight the accurate prediction of the 2014 EN at 16-17 months lead time (blue curve in Fig. 9j ; Table 9 ), and the consistency of the forecast indicating a minor event (black curve in Supplementary Figure 2) instead of a major one.
As expected, the overall performance of the model is improved at short lead times (3-6 months; dark blue and dark yellow curves in Fig. 9k-o) . The peak of the temperature anomaly is already accurately forecast in all five cases (Table 9 ; Supplementary Figure 2 ). An interesting feature is that most events (the 1997/98, the 2002/03, and the 2009/10) are better forecast 12-14 months in advance than 9-11 months ahead (velvet curves in Fig. 9k -o, blue, red and yellow curves in Supplementary Figure 2 ; Table 9 ). We relate this issue to the fact that 8-9 months before a typical boreal winter peak is the time of the spring barrier, when the signal to noise-ratio is lower and when most models tend to lose their predictability skills (Barnston et al. 2012 ). This result confirms that some El Niños are more reliably forecast at medium-and long-lead times (Izumo et al. 2014) , rather than at shorter ones, something that could seem counterintuitive and calls for further investigation. Table 9 and Supplementary Figure 2 summarize the results for the prediction of the target month of January for the five EN cases. Roughly one year and a half to two years in advance the forecasts successfully indicate whether the respective event is expected to be strong, moderate or weak. Moreover, for some lead months the temperature anomaly value of the prediction is almost exactly the same as the value in the observations-for instance 12-14 and 21-23 months ahead of the 2002/03 event, 27 months ahead of the 2006/07 event, and 6-8 and 12-14 months ahead of the 2009/10 event.
Finally, a feature to be noted is that even at short lead times the the evolution of the temperature anomaly during some of the events, for instance the 2002/03 and the 2006/07, appears slightly lagged by 1-2 months in the model than in the observations (Fig. 9b, g , l, c, h, m, respectively) . This delay could be linked to the fact that in the current configuration of the model the seasonal cycle has been estimated as a non-varying fixed cycle with a seasonal peak in the months of April-May (Fig. 1b) . Even though in general terms this representation is correct, we know that in reality the seasonality varies especially in EN years. In the present scheme we attempted to model this additional variability through the regression explanatory covariates and the near-annual cycle component, however, this issue should be better addressed in the future. Thus, one avenue for improvement would be to test the model with a time-varying seasonal component, which we expect to result in an even more accurate evolution and timing of the predicted events. So far it has been shown how the proposed model is highly skillful in forecasting the warm phase of ENSO, of those El Niños that occurred in the last 20 years. In the next subsection we demonstrate its potential to predict the overall phenomenon, including neutral years.
ENSO time series forecast
The proposed forecasting scheme has been especially targeted at the prediction of both the timing and magnitude of El Niño events, and in the previous subsection its skill in that respect was shown. In the present study the regression covariates used in the model and described earlier (Sect. 3.4) have been incorporated with the aim to improve the forecast of the warm phase of the oscillation, without considering the cold LN phase. Indeed, the rest of the components of the model are formulated in such a way as to address the prediction of the entire ENSO phenomenon. Therefore, it is expected that the model is also skillful at predicting neutral and LN years, albeit with less precision.
In Fig. 10a a forecast across the whole interval spanning 1983-2014 at 6 months lead time can be seen. The data between 1952-1982 was used for the estimation of the model components, and then prediction was attempted for the remaining period. This forecast is more complex than the ones presented in the previous subsection when components were estimated on the basis of the available observations prior to every warm event. Instead here, general conditions for the fitting period are applied, and not specific ones related to each ENSO event. In addition, most of this fitting interval covers a time before the ENSO regime shift in 1977 (Hare and Mantua 2000) , while the forecast is made for the years after this shift. As expected the model is capable of predicting all EN events and neutral years in the period, but some of the LN events are missed, for example the cold ones occurring in the years 2000 and 2008. From the scatterplots of the observed Niño 3.4 index against forecasts at lead times of 3, 6 and 18 months ( Fig. 10b-d) it becomes clear that the model has correctly predicted the LN events of extreme amplitude at a lead time of 3 months (Fig. 10b ). With its current formulation, however, the cold anomalies exceeding -2 • C cannot be captured at a lead time of 6 months ( Fig. 10c) , while at the longer lead time of 18 months anomalies exceeding -1 • C are missed (Fig. 10d) . Furthermore, the positive skewness coefficients of 0.43 and 0.45 for the forecast time series in Fig. 10c and d , respectively, indicate an asymmetry of the probability distribution functions with longer tail toward the warm ENSO events. In reality, the rapid termination of El Niño after boreal winter is on average followed by the development of La Niña in the following year ( Fig. 1a ; Ballester et al. 2015) . In these cases the ocean dynamics follows a different pattern than a symmetric pattern (with opposite sign) to the one that precedes El Niño. The eastward propagation of the subsurface cold anomalies and their surface appearance in the EPAC occur faster, for example. More aspects of the asymmetry between the two ENSO phases have been discussed in detail by Kang and Kug (2002) , An and Jin (2004) , An and Choi (2009), Yu et al. (2011) and Ballester et al. (2015) . Therefore, the current predictor regression variables of the model cannot properly signal the development of some of the LN events. Hence, specific regression covariates related to the dynamics and playing a role during and before La Niña will be added to the modeling scheme in the future with the objective to improve the representation of the cold ENSO phase.
In Table 10 the correlation between forecasts and observations, as well as root mean square error (RMSE) are given as functions of lead time for a number of lead times and for all seasons combined. These are indicative of the high skill of the proposed model to predict the Niño3.4 index. For lead times of 3 and 6 months the correlation is 0.86 and 0.68, respectively, which compares to the best two operational dynamical models described in Barnston et al. (2012) (see Figure 6 in Barnston et al. 2012) . The RMSE for the same lead times are 0.54 and 0.77, respectively, and thus for this particular measure of skill and lead times the model outperforms all other operational models (see Figure 9 in Barnston et al. 2012) . A more detailed and extensive comparison with existing ENSO models will be provided in a follow-up study.
Discussion
The results presented in the previous section suggest that the structural time series model (Sect. 3) described in this study outperforms the statistical ENSO models included in the cross-validation exercise, and it is comparable to some of the most accurate dynamical models. Our prediction scheme successfully goes beyond the spring barrier, and also through the one after that, which is an implication for the much longer predictability limit of ENSO than generally accepted. This result, to our knowledge, has only been accomplished by Chen et al. (2004) so far. Still, we report forecasts started two and a half years before the boreal EN peak, which is even longer than the lead time of the predictions shown therein. Also, in Chen et al. (2004) a complete account of the reasons underlying this performance is not provided, while here a dynamical understanding of the EN-associated processes accompanies the definition of our model structure and regional covariates.
Additionally, we want to highlight the simplicity of the proposed prediction scheme, as it uses readily available data directly as input-monthly values of SSTs, subsurface ocean temperature in the vicinity of the equatorial Pacific, and zonal wind stress; and it does not require extensive computations. Therefore, our model appears to have a clear advantage over the more complicated statistical schemes, as well as over the computationally more expensive dynamical models. We would also like to discuss one important advantage that is especially due to the state space approach applied here.
Two of the forecast events in Fig. 9 were unusual in the respect that the frequencies of the three cycle components estimated with the Kalman Filter were different. In the case of the 2006/07 event (Supplementary Figure 3) , the quasibiannual and quasi-quadrennial cycles were preserved, but the third cycle was estimated to have a frequency associated with decadal scales of variability [Supplementary Figure 3(c) ]. Actually, when the model was fixed as described in Sect. 3 and shown in Fig. 1 , the event was shifted and forecast for the next year 2007/08 (not shown). This confirms the important role of the decadal tropical Pacific variability in the modulation of the ENSO amplitude, which was reported by previous studies (Kleeman et al. 1999; Kirtman 2004, 2005) . As the model in its current configuration has only three cycle components, we cannot deduce whether the near-annual cycle component still has a vital contribution to the evolution of this event.
In Supplementary Figure 3(a) , however, it can be seen that the estimated 2-year oscillation is not regular as in Fig. 1d . We have plotted together the cycles from Fig. 1c and d (the near-annual and the biannual oscillations), and we superimposed the irregular quasi-biannual component from Supplementary Figure 3 (a) (see Supplementary  Figure 4 ). The irregular 2-year cycle appears to result from the convolution of the other two cycles. This could explain the occasional shift in the amplitude and phase of the otherwise regular biannual cycle, which was mentioned earlier (see Sect. 3.3.2) . In fact, it has been difficult to clearly isolate the peaks in the spectrum of both zonal wind and SSTs associated with the oscillations at periods of 16-18 and 24-28 months in the analysis done by Rasmusson et al. (1990) and Jiang et al. (1995) , favouring this kind of conclusion. In any case, a model configuration in which both cycles are present in an explicit way would most probably result into an even more precise forecast of the 2006/07 El Niño, but this is not in the scope of the present article.
The other event, for which the frequencies of the cycle components were estimated differently was the prominent 1997/98 event. In the case of this El Niño, which is also the most extreme on record, the quasi-biannual cycle was On the other hand, the year 1993 was indeed exceptionally warm (Fig. 1a) . These two cycles then peak coincidentally in 1998, which preconditions an event of higher magnitude. It should also be taken into consideration that the prediction of the 1997/98 event is made by fitting the data between 1982 and 1995, which is a short period of time when only one event of similar, but still lower magnitude, occurred. Thus, the model has performed very well by forecasting this exceptional event.
These preliminary results lead to the conclusion that at least some of the bigger and more extreme EN events occur as a result of the superposition of these two cycles in combination with the quasi-biannual cycle, the nearannual cycle and/or a cycle on decadal timescales. A recent study (Chen et al. 2015) classified EN events into three different categories-extremely strong ones, weak warm events reminiscent of the "warm pool El Niño", and the canonical ones with moderate warming in the central/eastern equatorial Pacific. Thus, taking into account this classification, we presume that on average for the canonical events, the cycles that have an important role in EN development are the ones discussed in Sect. 3 and shown in Fig. 1 . On the other hand, for the more specific smaller events, and for the very extreme ones, the dynamical mechanisms seem to be complicated by the effect of additional cycles superimposed over these basic ones.
Considering the results presented here, we believe that the parameter re-estimation of the various model components, and especially of the three cycle frequencies, based on the observational data prior to each event, is crucial for the accurate forecasting of El Niño. Hence, the long-lead time prediction capabilities of our scheme come from the correct representation of the ocean-atmosphere system at each stage of its evolution. The fact that the state space form and the Kalman Filter allow for the unknown parameter re-estimation whenever an updated information about the coupled system becomes available is a fundamental advantage of our model.
Concluding remarks and future directions
A new ENSO forecasting scheme has been developed, based on structural unobserved components time series modeling with a state space approach. The unknown parameters of the unobserved components are re-estimated before every event, thus rendering the unique flexibility of the model. Regression variables especially designed to account for ocean surface and subsurface anomalous processes at the equatorial Pacific prior to individual El Niño events are incorporated at their specific time of relevancy. Since all unknown parameters are calculated together in a dynamic way, the addition of these covariates also affects the estimation of all the other model components in an efficient way, helping for the correct update of the whole system.
The model has been tested and cross-validated through the retrospective forecasts of the El Niños events in the recent period 1996-2015, and it has successfully predicted all the events that occurred at both long lead times (2 years and a half in advance), as well as at shorter lead times before and after the spring predictability barrier. Essentially, the model has accurately forecast a moderate EN for the end of 2014/beginning of 2015, unlike the majority of the operational models that warned of an event of substantial magnitude similar to that of the 1997/98 one.
A direct conclusion of high relevance is that the predictability limit of ENSO could be extended to at least two and a half years before the El Niño peak. Our study also clearly demonstrates that there is still room for improvement in the prediction of ENSO, not only in the forecasting of the cold phase of the oscillation, but also in that of EN itself. One immediate avenue for future work should be the inclusion of explanatory covariates especially aimed at improving the prediction of LN events, by taking into account the La Niña specific dynamics. Another area for improvement would be the transformation of the modeling scheme, so that all the important cycles discussed here -the additional quasi-quadrennial cycle, the decadal cycle, as well as independent near-annual and biannual cycles, could be separately incorporated in it. Finally, special attention should be paid to the incorporation of seasonality as discussed in Sect. 5, by changing the seasonal component of the model from being fixed to a time-varying one.
The measurement equation is the first equation in (6) and it relates the observation y t to the state vector α t through the signal Z t α t . The transition equation is the second equation in (6) and it is used to formulate the dynamic processes of the unobserved components in a companion form. The deterministic matrices T t , Z t , H t and G t , are time-invariant except the matrix Z t , and referred to as system matrices that are sparse and known: 
Appendix 2
Every explanatory regression variable that has been used in the analysis (surface temperature, subsurface temperature at different depth levels and regions, and zonal wind stress at different regions) has been tested separately with the model described in Sect. 3 during the fitting procedure. In this way each variable was fitted at every lag time Table 9 Predictions of the January target month for all EN events shown in Fig. 9 Given in brackets is the probability that the respective value would occur based on a kernel normal probability density estimation of the N3.4 index with bandwidth of the kernel smoothing window h = 0.2704. Events are categorized as: strong/extreme (0-9 %), moderate (10-24 %), weak (25-35 %). The category of the event is predicted (bolditalic), or an adjacent category is predicted instead (italic). The observation values are in bold Lead month 1997 Lead month -1998 Lead month 2002 Lead month -2003 Lead month 2006 Lead month -2007 Lead month 2009 Lead month -2010 Lead month 2014 Lead month -2015 
